ABSTRACT Recently, combined quantitative and qualitative analysis has become popular for research. In studying careers, subjective and objective information are ideal for assessing individual career development and are relevant in career counseling. This paper measures career adaptability by combining text mining and item response theory (IRT), with college students' self-reported career adaptability as a subjective measure and responses to questionnaire items as an objective measure. The two are combined under a Bayesian framework. Additionally, the validity of text categorization and IRT, combined with model measurement, were explored; text categorization results were used as prior information when estimating IRT capability parameters to test whether adding prior information can improve accuracy. This study draws the following conclusions: (1) The text classification method had the highest sensitivity in 300-person samples; however, the text-IRT method had the best predictive effect, high reliability, and unique advantages in accuracy. (2) In 600-person samples, the text classification method had the best predictive effect. The effect was relatively good, with unique advantages in identifying low career adaptability. However, this must be selected according to actual needs. If the accuracy requirement is high and sensitivity can be sacrificed, the text-IRT method is more appropriate. (3) The text-IRT method is more suitable for 900 subjects when accuracy, sensitivity, and specificity need to be considered, and text classification is best when identifying low career adaptability. (4) Sample size influenced accuracy, specificity, and the negative predictive values of text classification, as well as the sensitivity of IRT and text-IRT methods.
I. INTRODUCTION
Everything has two aspects: quantity and quality. In psychological research, there are two types of quantitative and qualitative research: quantitative and qualitative evaluation, which are based on different evaluation methods. Quantitative evaluation involves collecting quantitative information and using mathematical analysis methods to draw evaluation conclusions. The commonly used quantitative evaluation methods include tests, examinations, structural observations, and so on. The methods involved include classical test theory and item response theory. Qualitative evaluation refers to a kind of evaluation collecting non-quantitative information and using descriptive analysis methods to draw evaluation conclusions.
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Common qualitative assessment methods include behavioral observations and behavior recording, interviews, situational tests, and other methods. Qualitative analysis needs a lot of time and manpower, so it has some limitations in its generalization. However, with the development of computer technology, the emergence of text mining has become an opportunity to realize the automation and scientization of qualitative research. Quantitative and qualitative evaluation methods differ greatly in their methodological bases, value orientations, and practical functions, and each has certain rationality. As mentioned above, everything has both quantitative and qualitative aspects, so the combination of quantitative and qualitative analysis in evaluation has become popular among scholars.
In the field of careers, many career counselors now believe that combining subjective and objective information can VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ better assess individual career development [1] . This is particularly true in career counseling, where both ''objective'' and ''subjective'' information are often emphasized. Blustein et al. [2] analyzed objective and subjective careers on the basis of previous studies and claimed that, from an objective point of view, a career is a series of professional jobs that an individual experiences throughout life, while from the subjective point of view, the concept of career has multiple meanings based on the individual's unique psychological experience and cultural, social, historical, and economic conditions. Therefore, we should combine the two thoughts to understand careers and to combine qualitative and qualitative analyses to conduct evaluations.
II. RELATED WORK A. TEXT MINING
Text mining is the process of discovering previously unknown and potentially useful knowledge from a large amount of unstructured text data and further analyzing and processing this knowledge for users to obtain valid information [3] . Text mining includes text categorization, text clustering, document summarization, and sentiment analysis. These processes can mine textual similarity, criticality, and internal implied logical structures and can further make trend predictions and decisions [4] . In the field of psychology, qualitative research methods such as discourse analysis techniques and interview coding, which have similar purposes to text mining, are often used to conduct in-depth analyses of freely expressed diaries, essays, and interviews to explore individuals' intrinsic psychological characteristics. However, when the number of texts is large, qualitative analysis consumes a lot of manpower and resources. The use of big data text mining can solve this problem and achieve automated text analysis. At present, a large number of studies have proved the feasibility and reliability of this method. Zhu [5] believes that social networking users' texts published on the Internet can reflect some of their psychological characteristics, and some studies [6] - [8] have used text mining methods to analyze micro-blog text to predict individual psychological features, such as social attitudes, personality tendencies, and subjective well-being. Text classification is a special approach in the field of text mining aiming to assign textual objects from a universe to two or more classes [4] , [9] . It is generally divided into two categories [10] : supervised text classification, where the actual status (label) of the training data has been identified (''supervised''), and unsupervised text classification, where the actual status of the data has not been identified; namely, any labels associated with objects are obtained solely from the data (e.g., clustering). This study mainly focuses on the supervised text classification approach.
Supervised text classification is a commonly used approach for textual categorization, which generally involves two phases: a training phase and a testing phase [11] .
During training, the most discriminative keywords for determining the class label are extracted. The input for the machine learning algorithm consists of a set of prespecified keywords that may potentially be present in a document and labels classifying each document. The objective of the training phase is to ''learn'' the relationship between the keywords and the class labels. The testing phase plays an important role in identifying how well the trained classifier model performs on a new dataset. The test set should consist of data that were not used during training. In the testing procedure, the keywords extracted from the training are scanned in each new input. Thus, the words that were systematically recognized are fed into the ''trained'' classifier model, which predicts the most likely label for each new self-narrative. To ensure proper generalization capabilities for the text classification models, a cross-validation procedure is generally applied.
Feature extraction and machine learning are the two essential components in text classification, playing influential roles in classification efficiency. During feature extraction, textual components are transformed into structured data and labeled with one or more classes. Based on these encoded data, the most discriminative lexical features are extracted using computational statistic models, such as the TF-IDF technique [12] , chi-square selection algorithm [13] , and likelihood ratio functions [14] . In machine learning, documents are allocated into the most likely classes by applying machine learning algorithms such as decision trees (DT), naïve Bayes (NB), support vector machines (SVM), and the K nearest neighbor model (KNN). In this paper, we used TF-IDF technique for extracted features and naïve Bayes (NB) as a training classifier.
Term Frequency-Inverse Document Frequency (TF-IDF) is a statistically based mathematical method for determining the importance of a word or phrase in a document or document set. The main idea of TF-IDF is that the more frequently a word appears in a document, and the more concentrated it appears throughout the document, the more obvious of a role it plays in document classification. The expression of TF-IDF is [15] :
) is the weight of feature t, tf(t, d) is the frequency of feature t, N is the number of all training documents, n t is the number of documents with feature t in the training set, and the denominator is the normalization factor. The higher the TF-IDF eigenvalue of feature t, the more likely it is to be a keyword in the document.
Naïve Bayes is a probabilistic classifier applying Bayes's theorem with strong (naïve) independence assumptions; it is simple but effective in practice [16] . The basic idea is to estimate the conditional probability of class C given the word vectors w with the assumption of word independence. Namely,
where p(C) is the prior probability of a certain class and p(wi|C) is the conditional probability of a word occurring in a certain class, which is generally estimated with maximum likelihood. In binary classification, the two probabilities from categories C1 and C2 could be simply compared in a ratio R.
That is,
If R > 1, the object is classified in category C1; otherwise, it is classified in category C2.
B. ITEM RESPONSE THEORY
Item Response Theory (IRT) has been generally applied in educational, psychological, and psychiatric assessments for almost three decades. IRT models are based on the idea that psychological constructs are latent; that is, they are not directly observable, and knowledge about these constructs can only be obtained through manifest responses of persons to a set of items [17] , [18] . In contrast to the traditional sum score based on classical test theory, the IRT models measure latent traits at the item level, which makes ''tailored'' testing possible in such a way that the individual's ability is assessed more flexibly by presenting a smaller selection of items tailored to the latent trait level.
There are many models of IRT. The model used in this paper is the Graded Response Model (GRM). The GRM proposed by Samejima [19] is applicable to a variety of test data where the item responses for subjects have hierarchical relationships, such as on a Likert scale (the scores obtained from different options are 0,1,. . . ,m). The two-parameter logistic model used in this paper can be expressed as
where a i is the discrimination of the i-th item and b is the rank difficulty of the xi level. The discrimination between the different levels in the same project is the same.
C. A COMBINED MODEL BASED ON TEXT MINING AND ITEM RESPONSE THEORY
Text mining mainly uses unstructured content as the source of data analysis. The unstructured content can also reflect the characteristics of individual psychological traits, which should conform to certain laws of psychometrics [5] . According to the characteristics and function of text mining, we can combine text mining with item response theory, taking the results of text analysis as prior information to improve the accuracy of item response theory estimation. Combining text mining and item response modeling is a new approach to handling both structured and unstructured data in one systematic framework [20] and, at present, the research in this field is rare. Most of the articles we retrieve are on either data mining in psychology or item response theory, and research on item response theory is mainly based on structured data. Fortunately, few studies have been done to combine item response theory with big data. He [20] combined text analysis with item response theory to screen individuals with post-traumatic stress disorder (PTSD) and found that this method can significantly improve the accuracy rate and cost-effectiveness of screening, reduce the burden on patients, and reduce the workloads of doctors. 
where y is the text score for each individual, g(θ|y) is the population model given the covariate of textual assessments, α and β are the fixed item discrimination and difficulty parameters of the questionnaire, and p(x|θ , α, β) is the likelihood function.
D. CAREER ADAPTABILITY AND ASSESSMENT
Career adaptability is the application of adaptability in the field of careers. Savikas [21] explained career adaptability from the perspective of Super's Life Span Theory and regarded career adaptability as the core competence of integrating individual career roles. In times of increasingly diverse, fragmented, and global careers, the ability to adapt and to navigate one's own development in work and occupational contexts has become important [22] , [23] . Career adaptability constitutes a psychosocial resource that can help employees to effectively manage career changes and challenges, thus facilitating employees' fit with their work environment [21] , [24] . Research has shown that career adaptability is positively related to career success, job performance evaluations, and well-being [25] - [28] . Career adaptability is embedded in career construction theory [29] and refers to the psychosocial resources that enable people to cope with career development tasks, transitions, and work traumas [21] . Career adaptability constitutes a self-regulatory construct consisting of four dimensions (concern, control, confidence, and curiosity) that aid in current and anticipated work-related transitions [29] . Concern refers VOLUME 7, 2019 to future time orientation and the recognition that present actions are linked to career aspirations. Control indicates self-discipline and taking responsibility for one's career. Curiosity pertains to openness to new experiences, self and environmental exploration, and subsequent identification of career opportunities. Confidence refers to one's belief in the capacity to overcome challenges and obstacles that may be encountered while pursuing career aspirations. When faced with complex or unfamiliar problems associated with career development or adjustment, people draw from these self-regulatory resources to craft a solution [30] .
In further study on career adaptability, Chinese scholar Zhao [31] conducted a study on the localization of career adaptability based on Savickas's theory [32] . On the basis of its four dimensions and according to the characteristics of Chinese college students' career development, he added two aspects: career adjustment and career interpersonal relationships. The appearance of career interpersonal factors may be attributed to the fact that China is a country that attaches great importance on ''interpersonal relationships'', which have been fully explained in the research [33] , [34] . The increase in the career adjustment factor may be consistent with background and age when the concept of career adaptability is presented; that is, the concept of career adaptability was put forward in response to the current ''uncertainty'' era, and the content expressed by the factor can be clearly reflected as a direct response to career uncertainty. This study is based on a career adaptability study of Chinese college students by Zhao [31] , which presented six dimensions (concern, control, confidence, curiosity, adjustment and interpersonal relationship) among Chinese college students.
The Life Design, developed primarily to help individuals to construct their career lives in changing societies, is a paradigm for career counseling based on the epistemology of social constructivism; it considers career development the result of a dynamic interaction between person and environment [35] . It stimulates individuals to reflexively imagine and construct a life arranged with viable and multiple roles to guarantee well-being and adaptive functioning [36] . Central to the life design paradigm is the concept of career adaptability, which is an essential resource to help individuals plan their uncertain futures, face adverse working conditions, adapt to changes in the job market and job conditions, and increase their well-being [36] .
In the past, the life design paradigm was used more frequently in career counseling and intervention. However, when evaluating the effectiveness of intervention and counseling, most of the studies compared the results of the experimental group with those of the control group and examined the effectiveness of intervention strategies from a holistic perspective. In the process of evaluation, whether an individual really experiences growth in the process of intervention and how much they grow is of little concern. In addition, the life design paradigm is characterized by ''writing training'' [37] - [39] , which preserves more text data, but these data have not been fully used to test the intervention effect. Therefore, there are some limitations in the evaluation of career adaptability and testing the intervention effect.
Many career counselors now believe that combining postmodern technology with traditional technology can better ''tell'' individual career stories [1] . This shift over the past 20 years has been confirmed, especially in career counseling, where both ''objective'' and ''subjective'' information is often emphasized. This has also been supported by post-modern constructivism. From a constructivist perspective, career can be understood as the experience of the subject, which was constructed by the subject [32] . So, there are subjective and objective differences in understanding career. Blustein et al. [2] analyzed objective and subjective career on the basis of previous studies and claimed that, from an objective point of view, career is a series of professional jobs that an individual experiences throughout his life; while from the subjective point of view the concept of career has multiple meanings based on the individual's unique psychological experiences and cultural, social, historical, and economic conditions. Therefore, we should combine the two concepts to understand career. Subjective feelings and values can enrich and compensate for the limitations of objective experiences and events, while objective experiences can provide fair judgments about a career [40] , which together form the basis of a personal career.
At present, traditional career assessment and counseling are still mainstream. Some researchers and practitioners accept the more comprehensive idea that the use of qualitative and quantitative methods of career counseling may provide new ideas for post-modern career counseling and assessment [39] . In some other fields, scholars have tried to combine subjective data with objective data, but this is rare. Matteucci et al. [41] used background variables in their educational evaluation studies, such as scores obtained from other tests and socio-economic or demographic variables as priori information to improve the accuracy of capacity estimates. In clinical evaluation, van den Berg et al. [42] combined self-reports and clinical interview data on schizophrenia symptoms to improve measurement accuracy. He [20] proposed a new method for screening PTSD patients, combining text materials, such as self-descriptions of patients' symptoms and experiences, with the PTSD Symptom Scale and proposing the idea of integrating text categorization and item response theory into the Bayesian framework to estimate potential psychological traits; this achieves a better estimate. In the field of careers, according to the combination of subjective and objective career and qualitative and quantitative methods, the measurement of career adaptability will be combined with subjective and objective measurement so that the results may be more reasonable and accurate.
At present, in the field of career counseling, visitors are increasingly encouraged to write stories about their lives, which is a process of self-construction by individuals. Furthermore, the stories often include personalized and complex meanings [43] . The words that record these constructive processes have carried rich personal meanings and convey information from many individuals in coping with the process of career change. The use of this information often involves the analysis of individual text languages, and ways to quantify subjective information scientifically is also worth discussing. The emergence of text mining provides a good opportunity for quantifying subjective information on individual careers, and it may be a new direction for the subjective measurement of career adaptability.
In the objective measurement of career adaptability, item response theory (IRT) is developed on the basis of overcoming a series of problems, such as parameter estimation of classical test theory (which is overly dependent on samples), lack of internal relationships between item characteristics and subject characteristics, and so on. Therefore, IRT has an advantage that classical test theory cannot compare with. In view of reducing measurement errors and increasing the generalization of measurement methods, IRT will be more appropriate to replace classical measurement theory as an objective measurement of career adaptability assessment.
Therefore, according to the idea of combining subjective and objective career and qualitative and quantitative methods, as advocated by career construction theory and life design paradigm, this study uses text categorization and IRT for subjective and objective measurement of career adaptability, respectively. These can complement each other and better explain and measure individuals' career adaptability. Furthermore, the results may be more comprehensive and accurate. Based on the idea of combining the IRT model and text mining, this paper will propose a measurement method that combines subjective and objective career.
III. METHOD A. SAMPLE
A cluster sampling method was used to conduct a questionnaire survey of college students' career adaptability and a text test on the topic of ''My Career Story''. To avoid the interaction of the content of the questionnaire and the content of the text test, the two tests were conducted separately at an interval of two weeks (both of them completed the questionnaire first). This research was performed in accordance with the Code of Ethics of the World Medical Association (Declaration of Helsinki) for experiments involving humans and approved by the ethics committee of Shandong Normal University. In total, 1,321 questionnaires were collected; 55 invalid questionnaires were deleted, and 1,266 valid questionnaires were obtained. Also, 1,252 text tests were collected, 47 invalid texts were deleted, and 1,205 valid texts were obtained. Data analysis needed to correspond each subject's questionnaire and text, so participating in only one of the tests provided invalid data, which was deleted; we only retained the data of participants who participated in both tests. The final valid data were from 924 participants, with an efficiency recovery rate of 69.99%. The total number of valid text words was 693,158, with an average of 751 words per text. Among them, 216 were boys and 705 were girls, and three were missing gender information. Furthermore, 108 were juniors and 816 were sophomores, and 384 were singleton and 540 were non-singleton. In sorting out and analyzing the relevant literature on career adaptability and synthesizing the opinions of experts in the field, this study selected several practical experiences, which may include the factors that constitute career adaptability such as whether students are cadres, whether they have part-time work experience, whether they have participated in social practice, whether they participated in innovation or entrepreneurship projects, whether they participated in ''Internet +'' competition projects, whether they participated in the ''Challenge Cup'' academic competition project, and whether they participated in the college teacher's research group.
In order to avoid randomness in text categorization and the influence of sample size on the results of the study, we randomly selected 300 of the 924 subjects for 30 cycles (one cycle can produce a sample), 600 of 924 subjects for 30 cycles, and 900 of 924 subjects for 30 cycles, totaling 90 samples.
B. INSTRUMENTS 1) CAREER ADAPTABILITY QUESTIONNAIRE
This study used the career adaptability questionnaire compiled by Zhao et al. [44] . The questionnaire contains 35 items divided into 6 dimensions: career interpersonal, career adjustment, career self-confidence, career concern, career curiosity, and career control. The items on the questionnaire are scored on a scale of 1-5 points, ranging from ''very inconsistent'' to ''very consistent''. Items contained in the career control dimensions are all reverse-scored. The higher the score is, the higher the career adaptability level is. The internal consistency coefficient of the questionnaire is 0.86.
In order to avoid the impact of inconsistent item parameters, the fixed-item parameters estimated in advance were used in this study. In estimating the project parameters, we used IRTABC software developed by Luo at Jiangxi Normal University to estimate the item parameters. The EM algorithm of marginal maximum likelihood estimation was used to estimate the item parameters. Table 2 displays the item difficulty and discrimination information of the College Students' Career Adaptability Questionnaire. We used OPENBUGS software to estimate the ability parameters [45] (http:// www. mrc-bsu.cam.ac.uk/bugs/ winbugs/winbugsthemovie.html).
2) TEXT MATERIALS FOR CAREER ADAPTABILITY ASSESSMENT
In order to avoid deviating from the theme of career adaptation, text material named ''My Career Story'' was used, which is based on the life design paradigm [37] and contains six aspects: career attention, career control, career curiosity, career self-confidence, career adjustment, and career interpersonal relationship. A related question was presented according to each aspect and theme to enable subjects to VOLUME 7, 2019 express themselves freely. These questions were (1) have you thought about your future (e.g., academic or vocational career)? If so, please explain what it is and describe your attitude towards the future; if not, explain why and how you feel about the future; (2) facing the crossroads of life in the future, can you make your own decisions and accept corresponding responsibilities? After answering, please explain why; (3) do you have any orientation for future academic or career development? If so, please explain in detail why you have this position and how you explored it? If not, please explain why; (4) facing the uncertainty of the future, do you have faith in achieving your desired goal? Please explain why, according to your current situation and your own conditions; (5) in the face of difficulties and future difficulties, how will you deal with these and solve them? Please describe according to your actual situation; (6) how do you get along with people in your daily life? Please analyze why this is the case. After reading the questions, the subjects were asked to express themselves freely according to their actual current situations; each response was about 100 words. In order to avoid excessive social approval effects in the responses, we added a seventh question: please summarize yourself according to the above six aspects, and analyze yourself now? What is the difference between you and your future in your mind? Write about 200 words. All of these questions were answered in Chinese.
C. PROCEDURE
We estimated the individuals' career adaptability latent traits via three methods: (1) IRT modeling on the 35-item questionnaire, (2) text classification of the self-narratives, and (3) combining textual analysis and IRT in a Bayesian framework.
1) METHOD 1: TEXT CLASSIFICATION OF CAREER ADAPTABILITY SELF-NARRATIVES
Text classification is a special approach in the field of text mining aiming to assign textual objects from a universe to two or more classes [9] . Supervised text classification generally involves two phases: a training phase and a testing phase. During the training phase, the most discriminative keywords for determining the level of career adaptability (high and low) are extracted, and the relationship between the keywords and class labels is learned. The testing phase involves checking how well the trained classification model performs on a new dataset. In the testing procedure, each new input is scanned for the keywords that were extracted from training, and the most likely label for each new self-narrative is predicted.
2) TEXT CATEGORIZATION PROGRAM a: TEXT PREPOSSESSING
Firstly, 10 trained psychology undergraduates transcribed 924 copies of paper-based textual materials into TXT electronic manuscripts using voice recognition software (developed by IFLYTEK COMPANY LTD.). Transcriptors were informed during the training that the original appearance of the paper content was guaranteed to the greatest extent and that no arbitrary changes to the text content (including punctuation marks) could be made. After transcription, the text was segmented into Chinese words using the Jieba package in python, and the text after segmentation was matched with the Stop Word List from the Harbin University of Technology [46] . The stop words, including pronouns and auxiliary words such as ''he/she'', and punctuation marks were deleted. After the processing, we acquired textual features and formed keywords corpus. The text of each subject was matched with the obtained text features (keywords corpus), and the number of times the subjects appeared on each feature was calculated. According to the TF-IDF method, the weight of the eigenvalues was calculated to form a word vector matrix, which was ready for the training of the classifier.
b: CLASSIFIER MODEL TRAINING
(1) Determination of training and test set: with proportions of 70% and 30%, the sample data set was divided into a training set and test set. (2) Determination of ''Classification Label'': by searching for and sorting out the literature related to career adaptability, this study collected some factors that may constitute the level of individual career adaptability and invited 16 experts to evaluate the importance of these factors, scoring them 0-9 points; we regarded the mean value of the importance of each factor as the corresponding weight. Adding all of the scores for each factor, the total scores were used as criteria for measuring individual career adaptability. According to the rules of the first 50% and the last 50%, the subjects were divided into two categories: high and low career adaptability. Each participant had a category label, which was used as a ''classification label'' to compare classification accuracy. (3) Classifier determination: a machine-learning algorithm based on Bayesian classification was used for the training set to identify the relationship between feature words and category labels, and the final training model was obtained.
c: CLASSIFICATION VALIDITY EVALUATION
The word vector matrix of each subject was input into the classifier module for prediction, and the class label of each subject was output. The predicted class labels were compared with the correct category labels, and the accuracy of classification was analyzed.
3) CALCULATION METHOD OF TEXT CATEGORIZATION METHOD CLASSIFICATION INDEX
Five performance metrics, accuracy, sensitivity (recall), specificity, positive predictive value (precision) (PPV), and negative predict value (NPV) were used to evaluate the efficiency of the three employed machine learning algorithms. A contingency table was used to perform calculations (see Table 3 ). All five indicators are defined in definitions (6) through (10) . Accuracy, the main metric used in classification, was the percentage of correctly defined texts. Sensitivity and specificity measured the proportion of actual positives and negatives that were correctly identified, respectively. These two indicators did not depend on the prevalence (i.e., proportion of ''change'' or ''no change'' texts in the total) in the corpus and, hence, are more indicative of real-world performance. The predictive values, PPV and NPV, are estimators of the confidence in predicting correct classification; that is, the higher the predictive values, the more reliable the prediction. In this study, C 1 represents a low class of career adaptability, while C 2 represents a high degree of career adaptability. The following is a formula for classifying indicators:
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4) METHOD 2: IRT MODELING ON THE CAREER ADAPTABILITY QUESTIONNAIRE
The purpose of method 2 was to use the IRT model to evaluate individual career adaptability. In order to compare the results of method 2 with those of method 1 on the same standard, this study takes the result of method 2 as an independent variable, the classification standard as a dependent variable, and uses the logistic model to classify and test the accuracy of classification. In order to compare the results of text categorization in method 1, the subjects in this study only used the data that were a validation set of text categorization in method 1. The number of validation sets for 300-, 600-, and 900-person samples were maintained at 90, 180, and 270, respectively. The item parameters and 90-sample validation sets were used as input data containing subjects' answers to the 35 items on the career adaptability questionnaire. The two-parameter logistic grades response model was used to estimate the ability parameters. When estimating the potential traits of each sample, the MCMC method and OPENBUGS software were used. The parameters were estimated by a self-compiled program for OPENBUGS, while the number of iterations was set to 10000 and the burn-in of length was 4000.
5) METHOD 3: COMBINING TEXTUAL ANALYSIS AND IRT IN A BAYESIAN FRAMEWORK
Textual analysis and item response modeling were combined in a Bayesian framework using the Markov Chain Monte Carlo (MCMC) algorithm, where the text score of each self-narrative obtained in approach 1 was used as an informative prior. The posterior distribution of the latent career adaptability levels was proportional to the product of the prior and the likelihood; that is,
where x is the vector of responses to the questionnaire, y is the text score for each individual, g(θ|y) is the prior given the covariate of textual assessments, α and β are the fixed discrimination and difficulty parameters of items, and p(x| θ, α, β) is the likelihood function of the IRT model. The relation between the PTSD latent trait θ of individual n and the text score yn is given by the linear regression,
where b0 and b1 are the regression coefficients. The error terms are assumed to be independent and normally distributed as ε n ∼ N (0,σ 2 ) with n = 1,. . . , N individuals. The assumption of a linear regression model is translated into a normal conditional distribution of θn given the text covariate as
Which represents an informative prior distribution of the career adaptability latent trait. For each individual, the estimation of latent trait was performed using 10000 MCMC iterations with a burn-in of length of 4000. To determine whether the introduction of the prior distribution was effective, we compared the 3 posterior distribution of θn in this method with the estimation from method 2. Because the item parameters in the IRT model were fixed, the θ-estimates resulting from both of the approaches were on a common scale and could thus be compared.
D. ANALYSIS STRATEGY
This study combined the textual assessments with the full range of 35 items from the college students' career adaptability questionnaires. The main purpose was to explore whether adding the text prior would have a significant impact on the accuracy of the career adaptability assessment.
Further, the performance of the three approaches was compared on five metrics: accuracy, sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV). According to the total score of factors that may constitute the level of individual career adaptability and the rules of the first 50% and the last 50%, the subjects were divided into two categories: high and low career adaptability. The category labels were used as the true standard in the comparison. Accuracy, the main metric used in classification, is the percentage of correctly defined individuals. Sensitivity and specificity are the proportions of actual positives and negatives that are correctly identified, respectively. These two indicators do not depend on prevalence in the sample (i.e., proportion of ''high career adaptability'' and ''low career adaptability'' of the total) and are, hence, indicative of real-world performance. The predictive values, PPV and NPV, are estimators of confidence in predicting correct classification; that is, the higher the predictive values are, the more reliable the prediction is.
IV. RESULTS AND ANALYSIS
In this section, we demonstrate the validity of proposed method for college students' career adaptability measurement, which performs better compared with other two methods, by unifying results into the following five indicators: accuracy, sensitivity, specificity, positive predictive value, and negative predictive value.
A. TEXT CLASSIFICATION OF CAREER ADAPTABILITY SELF-NARRATIVES
Text categorization is very inclusive for measuring content. It can capture individual psychological characteristics from a series of non-standardized and subjective contents so as to realize the prediction of individual psychological characteristics using text data [4] , [5] . In method 1, text categorization was used as the subjective aspect of career adaptability assessment. The machine learning algorithm of Bayesian classification was used to train the classifier in the training set, and the relationship between keywords and text labels was explored. Finally, the classifier model was obtained. Table 4 is the actual situation of text categorization in the 300-person sample test sets. From the average of 30 samples, the accuracy of text categorization was relatively low, 0.568. The sensitivity of classification was 0.761, indicating that the text classification method was more sensitive to the correct identification of low career adaptability categories, while the correct identification of high career adaptability categories was relatively low, only 0.369. The higher the predicted value, the greater the reliability of the prediction results. The values in this sample set were 0.573 and 0.612, respectively. Table 5 is the actual situation of text categorization in 600-person sample test sets. The average accuracy of text categorization is 0.586. The sensitivity and specificity of the classification were 0.760 and 0.408, respectively, which were consistent with the results of the 300-person sample sets. The text classification method was more sensitive for identifying the subjects with high career adaptability. Positive predictive and negative predictive values were 0.582 and 0.624, respectively, with moderate reliability. categorization was 0.601. The sensitivity and specificity of the classification were 0.782 and 0.418, respectively. Similarly, in the 900-person datasets, the sensitivity of the text classification method to identify the low career adaptability category was significantly higher than the high career adaptability category. Positive and negative predictive values were 0.584 and 0.653, respectively, with moderate reliability.
The predictive accuracy of text classification in the test set of three kind of samples (containing 300, 600, and 900 people) was 0.568, 0.586, and 0.601, respectively. It can be seen that the sample size had a greater impact on the accuracy of classification; the larger the sample size, the higher the accuracy of prediction. This may be because as the sample size increases, machine learning can extract more information about the relationship between keywords and labels, which is helpful to improve the accuracy of classified prediction [47] . He used Bayesian machine learning to screen PTSD patients with a classification accuracy of about 0.700. Compared with VOLUME 7, 2019 those results, the accuracy of the text categorization prediction in method 1 was not high, which may be due to two factors. On the one hand, career is a relatively broad topic, and the vocabulary used by the subjects in self-evaluation were more divergent; in the PTSD narrative, the content of the text focused on symptoms of PTSD, a more specific more. So, when training the classification model, it was more likely to find relatively accurate labels and relationships between key words. On the other hand, the premise of the Bayesian machine learning algorithm is that the keywords are independent of each other, but in our study, not all of our keywords were consistent with this; so, the accuracy of prediction may be weakened [20] .
The sensitivity and specificity of the classification represent the probability of correctly predicting individuals with low and high career adaptability, respectively. In career counseling and intervention, our main goal was to identify individuals with low career adaptability and formulate targeted interventions. From this point of view, the sensitivity index is more important than the specificity index. Consistently, the sensitivity of text categorization in different samples (300/600/900) reached a higher level (0.761, 0.760, and 0.782), indicating that the text categorization method is very sensitive to correctly identifying individuals with low career adaptability. The corresponding positive predictive value has been maintained at about 0.600, which ensures the reliability of the correct identification of low career adaptability individuals. Besides the sensitivity index, the accuracy, specificity, positive predictive value, and negative predictive value all increased with increased sample size. The sensitivity index showed no regular changes, but it was the highest in the large sample (900 people).
In the large sample, each index of text categorization had good performance, which shows that the size of the sample has a great impact on text categorization; the larger the sample size, the better the effect of text categorization. Therefore, text categorization can be used as a measure of career adaptability, especially in a large sample.
B. IRT MODELING ON THE CAREER ADAPTABILITY QUESTIONNAIRE
In order to test whether the accuracy was really improved after adding text prior information, we used IRT without adding text categorization prior information to estimate the ability parameters in method 2 as a baseline-level comparison. Table 7 shows the classification prediction based on the binary logistic regression model and the classification index information derived from the calculation formula of the classification index after estimating the ability parameters using IRT. From the average, the accuracy of classification was 0.618 in 300-person samples. The sensitivity and specificity of the classification were 0.731 and 0.482, respectively. Relatively speaking, the IRT method was more sensitive for identifying individuals with low career adaptability and had a better predictive effect. The positive and negative predictive values were 0.611 and 0.632, respectively, indicating that the predictive model has certain reliability in identifying individual career adaptability categories.
From the average, the accuracy of classification was 0.594 in the 600-person sample test set. The sensitivity and specificity of the classification were 0.710 and 0.453, respectively, which were consistent with the results of the 300-person samples. The IRT method was more sensitive for identifying individuals with low career adaptability. The positive and negative predictive values were 0.587 and 0.607, both of which were lower than those in the 300-person samples.
The classification accuracy of IRT was 0.618, 0.594, and 0.596 in the different sample sizes and did not change regularly with the sample sizes. However, the classification accuracy in 300-person samples was slightly higher than that in the 600-and 900-person samples, indicating that it can play a better role in small samples. Generally speaking, the classification accuracy of the IRT method was relatively stable, IRT parameter estimation is less affected by sample size [48] . Comparing sensitivity and specificity, we found that the sensitivity of classification was much higher than the specificity in any given sample. The sensitivity of the three samples was 0.731, 0.710, and 0.688, which were all close to 0.700, reaching a high level; the specificity, on the other hand, was lower, remaining below 0.500. It is concluded that the ability of IRT to correctly identify individuals with low career adaptability is higher than that of the high class. The two indicators varied in the different samples: classification sensitivity was the best in the small sample (300 people) and decreased with increased sample size, while specificity was higher in large sample (900 people) and did not change regularly with sample size.
Therefore, it was impossible to balance the two levels in different samples. In view of the important purpose of this study, to better screen out individuals with low career adaptability while taking into account overall index information, this study considers accuracy and sensitivity as important reference indicators and argues that IRT can be used to assess career adaptability and has the best predictive effect in a small sample.
C. COMBINING TEXTUAL ANALYSIS AND IRT IN A BAYESIAN FRAMEWORK
Method 3 is a new method of career adaptability assessment proposed in this study. It aims to combine text mining with item response theory so as to use both subjective and objective information on individuals for assessment, which can enrich individual psychological trait information and improve the accuracy of prediction [20] .
According to table 10, the accuracy of text-IRT was 0.621, and the classification effect was better in the 300-person samples; the sensitivity of text-IRT was 0.733 and the positive predictive value was 0.613, indicating that it could better predict the individuals with low career adaptability. The predictive results were relatively reliable; the classification VOLUME 7, 2019 specificity was 0.485. The negative predictive value was 0.634; that is, its ability to identify individuals with high career adaptability was relatively low.
In 600-and 900-person samples, the classification accuracy was 0.596 and 0.602, and the classification sensitivity was 0.710 and 0.688, respectively. Compared with the 300-person samples, the classification specificity was 0.458 and 0.501, respectively. The positive and negative predictive values were about 0.600, and the results were reliable.
Combining the text-IRT methods in tables 10, 11, and 12, we see that the classification accuracy of the text-IRT method was 0.621, 0.596, and 0.602, and it did not change regularly with the increase in sample size. However, the classification accuracy of the 300-person samples was significantly higher than that in the 600-and 900-person samples. Similarly, comparing the sensitivity and specificity of classification, the sensitivity of classification was much higher than the specificity in the three samples, which indicates that the ability of text-IRT to correctly identify low career adaptability individuals was higher than that of high-class individuals. In addition, the sensitivity decreased with increased sample size, and the sensitivity was highest in the 300-person samples while the classification specificity was best in the 900-person samples. The average positive and negative predictive values of the three samples were maintained at about 0.600, especially in the 300-person samples, reaching 0.613 and 0.634, respectively, indicating that the method based on the text-IRT combination had higher reliability in small samples.
In conclusion, the text-IRT method had high classification accuracy and a good ability to identify individuals with low career adaptability. Therefore, we believe that the text-IRT method can be used as a career adaptability assessment method and has the best predictive effect in a small sample. 
D. COMPARING THREE CAREER ADAPTABILITY ASSESSMENT METHODS
In the previous sections, we discussed the predictive performance of the same method in 300-, 600-, and 900-person sample validation sets. In this section, we discussed the classification effect differences between the three methods in the following aspect: variation trends and applicability of the three methods using different samples. In this study, the two indicators, accuracy and sensitivity, have higher reference values; so, we will emphasize the two aspects [20] . Tables 13, 14 , and 15 present the predictive index matrices of three methods for assessing career adaptability in different samples. In the test sets of 300-and 600-person samples, as we expected, the accuracy of estimating the potential traits on the 35 Career Adaptability Questionnaires using IRT alone was 0.618 and 0.594, respectively; after adding the priori information of the text, the accuracy was improved to 0.621 and 0.596, which was significantly higher than that when using only keywords (0.568 and 0.586, respectively). Moreover, with the increase in the number of samples, the gap between the accuracy of the three methods narrowed. Particularly in the test set of 900-person samples, the accuracy VOLUME 7, 2019 gap between the text method and the text-IRT combination method was very small: 0.601 and 0.602, respectively, slightly higher than the accuracy of the IRT method [17] .
The longitudinal comparisons of different sample situations in the tables show that the text categorization method has the highest sensitivity in 300-, 600-, and 900-person samples; that is, it can better identify individuals with low career adaptability. Especially in 600-and 900-person samples, the sensitivity of the text classification method was significantly higher than that in IRT and text-IRT, and the gap between them was relatively small in the 300-person samples. In addition, the overall level of classification specificity was below 0.5; that is, the three methods were not good at correctly identifying individuals with high career adaptability. In different samples, the classification specificity showed that the specificity of the text classification method was lower than that of the IRT method, and the specificity of the text-IRT method was the highest. The horizontal comparisons of different sample situations in the tables show that the sensitivity of the three methods was significantly higher than the specificity; that is, they were all outstanding in correctly predicting individuals with low career adaptability, and text categorization was the best.
In 300-person samples, the accuracy rate of text categorization was 0.568, while the accuracy rate of IRT, which only used data attained from 35 career adaptability questionnaires to estimate potential traits, was 0.618; after adding the prior information of text, the accuracy rate of text-IRT was greatly improved to 0.621. The accuracy of the text-IRT method was 5.3% higher than that of the text classification method, which further shows the validity and reliability of the predictive results of the text-IRT method. In terms of sensitivity, it indicates the probability of correctly identifying individuals with low career adaptability, which is an important reference index for this study. The sensitivity of text categorization, IRT, and text-IRT was 0.761, 0.731, and 0.733, respectively, but the difference was less significant than that seen in the accuracy index. Therefore, text categorization has certain advantages in identifying individuals with low career adaptability, but it also has the disadvantage of relatively low predictive accuracy. In addition, specificity represents the probability of correctly identifying individuals with high career adaptability. The specificity of the text categorization, IRT, and text-IRT methods was 0.369, 0.482, and 0.485, respectively. Text-IRT has the highest probability of correctly identifying individuals with high career adaptability. The positive and negative predictive values of the three methods were both maintained at about 0.600, and the two indexes of the text-IRT method were the highest, indicating that the predictive results had high reliability. Therefore, we believe that the text-IRT method had the best predictive effect and unique advantages in the 300-person samples [18] , [19] .
In 600-person samples, the accuracy of text categorization, IRT, and text-IRT was 0.586, 0.594, and 0.596, respectively, consistent with our expectations. However, from text categorization to text-IRT, the probability of improvement was 1%, which was relatively small. However, in terms of classification sensitivity, the sensitivity of text classification, IRT, and text-IRT was 0.760, 0.710, and 0.710, respectively. Text classification has a stronger advantage in identifying individuals with low career adaptability than IRT and text-IRT, which are 5% higher than the other two methods. The positive predictive value and negative predictive value of the three methods were also maintained at about 0.600, indicating that the predictive results have high reliability. Therefore, we consider that in the 600-person samples, the text classification method had a relatively good predictive effect and unique advantages. However, it needs to be selected according to actual needs; if accuracy requirements are high and sensitivity can be sacrificed, the text-IRT method is more appropriate [43] .
Among 900-person samples, the differences between the accuracy of text categorization, IRT, and text-IRT was further narrowed to 0.601, 0.598, and 0.602, respectively. With increased sample size, the accuracy of text classification increased, and the gap between IRT and text-IRT narrowed. In terms of classification sensitivity, the sensitivity of text classification, IRT, and text-IRT was 0.782, 0.679, and 0.688, respectively. The sensitivity gap of the three methods was widened. The ability of text classification to identify individuals with low career adaptability was much higher than that of IRT and text-IRT, which were 10.3% and 9.4% higher, respectively. The positively predictive value and negatively predictive value of the three methods were also maintained at about 0.600, indicating that the predictive results had high reliability. Therefore, we consider that text categorization is the best method for 900-person samples, especially when identifying individuals with low career adaptability.
V. CONCLUSION
In this paper, we propose a method of measuring career adaptability by combining subjective and objective measurement; that is, text-IRT combination method. We verify the proposed method on different samples of validation sets-300-, 600-, and 900-person, by comparing three analyzing methods-text categorization, IRT, and text-IRT combination methods. The result shows that text-IRT combination method could perform best for career adaptability prediction, especially in a small sample. Text categorization is the best method for big sample, especially when identifying individuals with low career adaptability.
We will explore the following future works:
• The proposed work can be extended by analyzing the text content of individuals in a particular dimension to assess the development of that dimension. We can examine the individual from a more microscopic perspective and develop targeted intervention to improve the efficiency of career counseling.
• Applicability of IRT model evaluation based on text mining to resume screening can also be considered. The methods advocated in this paper, which could be applied to screening resumes by examining personal information and self-evaluation at the same time, can effectively avoid the problem of one-size-fits-all.
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